Recent advances in cell-type deconvolution approaches are adding to our understanding of the biology underlying disease development and progression. DNA methylation (DNAm) can be used as a biomarker of cell types, and through deconvolution approaches, to infer underlying cell type proportions. Cell-type deconvolution algorithms have two main categories: reference-based and reference-free. Reference-based algorithms are supervised methods that determine the underlying composition of cell types within a sample by leveraging differentially methylated regions (DMRs) specific to cell type, identified from DNAm measures of purified cell populations. Reference-free algorithms are unsupervised methods for use when celltype specific DMRs are not available, allowing scientists to estimate putative cellular proportions or control for potential confounding from cell type. Reference-based deconvolution is typically applied to blood samples and has potentiated our understanding of the relation between immune profiles and disease by allowing estimation of immune cell proportions from archival DNA. Bioinformatic analyses using DNAm to infer immune cell proportions, part of a new field known as Immunomethylomics, provides a new direction for consideration in epigenome wide association studies (EWAS).
Introduction
Development of multisystem life requires progenitor cells to differentiate in a lineage-specific manner and lineage commitment is accompanied by heritable changes to the epigenome such as DNA methylation (DNAm) (1) (2) (3) . DNAm is a stable covalent modification to cytosine that can occur in the context of a Cytosine-Guanine dinucleotide (CpG). Genome-scale measures of DNAm in samples derived from heterogeneous mixtures of cells, such as peripheral blood, include signals from all cells present (Fig. 1) . Therefore, variation in cell-type proportions across samples has the potential to confound associations of DNAm with modeled outcomes.
Reference-based cell-type deconvolution uses cell-type specific differentially methylated regions (DMRs) to infer cell type proportions, allowing investigators to control for potential confounding by cell type when analysing the relation of DNAm with an outcome of interest. The need to adjust for variation in cell type proportions emerged when genome-scale DNAm arrays were introduced, allowing epigenome-wide association studies (EWAS). Large differences in DNAm observed in early EWAS comparing peripheral blood DNAm between cancer cases and controls were driven by different distributions of cell type proportions between cancer patients and controls. By including cell type proportions in regression models, a clearer understanding of independent DNAm alterations related to disease, exposure, or other outcome of interest is afforded. Importantly, inference of cell type proportions from DNAm also allows for tests of association between cell type proportions (or ratios) themselves with various outcomes, phenotypes, or exposures of interest across the spectrum of health and disease.
To date, epigenome-wide association studies (EWAS) that include adjustment for variation in cell type proportions have been conducted in a wide range of diseases including mental health conditions, cardiovascular disease, and cancers. Methods utilizing DNAm as surrogate estimates of immune cell proportions were initially developed in 2012 by Houseman et al. (4) and have gained increasing popularity. More recently, some investigators have begun to focus on analyses of immune cell type proportions and ratios with phenotypes/disease states, termed Immunomethylomics (5). Specifically, in the emerging era of cancer immunotherapy, having additional tools to investigate the relation of peripheral immune status with disease and its response to therapy has potential to accelerate effective application of precision medicine and may contribute to the development of novel therapeutic targets.
In this review, we focus on the most recent applications of reference-based and reference-free cell-type deconvolution with an emphasis on reference-based methods and comment on future directions in the field. Reference-based deconvolution methods depend on cell-type specific differentially methylated regions (DMRs) to infer individual cell type proportions within a sample, typically using constrained projection. Reference-free deconvolution methods do not require DMRs from purified cell types in the measured sample to estimate putative number and proportions of cell types. In both cases, cell type proportions can be included as covariates in regression models to adjust for potential confounding.
DNA Methylation Data
Much of the DNAm data used in EWAS are collected using Illumina BeadArray based technologies. The first version of this array was the GoldenGate (6) platform that included 1,505 CpG sites tracking to 800 cancer-related genes. Later, more comprehensive genome-scale arrays were developed starting with the HumanMethylation27 (7) in 2009, then the HumanMethylation450, (8) which was released in 2011, and the current platform, MethylationEPIC (9) array, was released in 2015. Established data processing methods exist for these array-based platforms (10-13). There are also extensive recommendations on controlling for population stratification (14) , bias inflation (15) , integrating data sources (16) , and controlling for cell-type heterogeneity (17) .
Of the approximately 29 million CpG sites in the human geome (18) , 485,000 sites are measured by the Illumina HumanMethylation450 BeadArray, where the latest version, the MethylationEPIC array measures 860,000 CpG sites. Most population studies of DNAm use array-based technologies due to cost considerations and advantages of platform standardization for data analysis and data sharing. For those studies using different technologies, such as whole-genome (WGBS) and reduced representation bisulfite sequencing (RRBS), cross platform mapping methods, e.g. methyLiftover (16) may provide additional opportunities for cell-type deconvolution applications.
Cell-type deconvolution is based on well-established definitions of cell types that are used in gold standard cell sorting methods, such as fluorescence-activated cell sorting (FACS), which requires sample preparation, antibody tagging, and flow cytometry. Several challenges with flow cytometry methods are the requirement of fresh blood, the need for larger volumes of substrate to isolate less prevalent cell types, and limited number of cell types measurable at one time. Once cell type DMR libraries are identified, cell-type deconvolution using DNAm only requires small amounts of DNA, which can be obtained from whole blood or buffy coat collected with different types of anticoagulant tubes, and archival samples can be used irrespective of storage conditions or freezethaw cycles (19) . Cell-type deconvolution with DNAm can simultaneously measure a panel of immune types and importantly, as new DMRs for additional cell subtypes or activation states are identified, the DNAm data are largely forward compatible, allowing integration of past and future studies. Gene expression based deconvolution is also possible for cell-type resolution. Methods include CellMix (20) and CIBERSORT (21) for deconvolution of tissue expression profiles, as well as VoCAL (22) and ImmQuant (23) for inferring immune cell-type composition from expression data. These applications have shown promise. However, the number of transcripts can vary in a manner that is not as proportional to the number of cells (24) . Gene expression is more likely to be influenced by copy number variation (25) than DNAm (26) , and RNA is not as stable as DNA, all of which may increase error in cell type proportion estimates compared with methods using DNAm.
DNAm-based deconvolution relies on carefully selected celltype DMRs using samples of sorted, purified cell populations from multiple subjects, where DNAm is typically measured using one of the above-mentioned arrays. Cell-type DMRs are invariant among subjects within cell type and often occur at regions known to correlate with expression of genes that are well-established as cell-type-specific. In addition, because of the fundamental role of DNAm in lineage commitment, the unidirectional nature of DNAm changes related to cell-type specification, and the approach to identify cell-type deconvolution libraries, cell-type DMRs do not vary with exposures. To date, immune cell-type DMR libraries have been generated from cells isolated from adults as well as fetal/newborn cord blood samples. The presence of nucleated erythrocytes in fetal/infant cord blood can confound celltype deconvolution based on adult DMRs (27) (28) (29) and has prompted the development of an independent set of DMRs for deconvoluting cell types in cord blood samples (30, 31) .
In contrast with DMRs used for cell-type deconvolution, there has been recent interest in sets of CpG sites that predict phenotypic characteristics independent of cell type, such as age (32) and mitotic clocks (33) . In 2013, a library of CpG sites whose DNAm status can be used to estimate subject age was identified and validated by Steve Horvath (32) . The approach to identify a cell and tissue-type agnostic set of age-related CpGs included 8,000 samples across 82 data sets encompassing 51 healthy tissues and cell types. These sites were identified through Elastic Net Regression over 21,369 probes shared on the Illumina HumanMethylation27k and HumanMethylation450k arrays and introduced the concept of accelerated DNAm aging for subjects whose estimated DNAm age exceeded their chronological age. Subsequent publications have applied the agerelated CpG sites to test the relation of DNAm age acceleration in health and disease (34) (35) (36) . More recently, an extension of the idea of DNAm age, the epigenetic mitotic clock, was introduced by Yang and colleagues (33) . We highlight the utility of cell-type agnostic CpG sets used to predict phenotypes as they have contributed to our understanding of DNAm in human biology, but note that these sets are distinct from cell-type specific DMRs.
Methylation-Based Deconvolution Algorithms
There are two classes of cell-type deconvolution algorithms: reference-based and reference-free. Reference-based deconvolution algorithms are supervised methods that take advantage of known cell-type-specific DMRs (37) . The original referencebased algorithm using these DMRs was developed by Houseman et al. (38) in 2012 utilizing constrained projection/ quadratic programming. The algorithm models sample DNAm as a weighted combination of the individual DNAm patterns of underlying cell types (4, 39) . The Houseman algorithm has been independently validated in adult whole blood samples (19, 40) and until recently, it was the only reference-based algorithm available (21,41) Reference-free deconvolution algorithms do not require referent cell-type DMRs for inference. Instead, reference-free methods estimate putative cellular proportions or the proportion of variation due to unmeasured factors based on various unsupervised deconvolution methods. In 2014, the first two reference-free algorithms were proposed by Zou et al. (38) .
Recently, multiple reference-based (4, 21, 41) and referencefree (38, (42) (43) (44) (45) (46) (47) deconvolution algorithms have emerged. In practical application, recent work (41) has shown that nonconstrained methods (21, 41) can outperform the popular Houseman deconvolution method under certain circumstances (4) but under most circumstances, the Houseman referencebased method implemented in the R package minfi (11) is the optimal method for reference-based deconvolution (48) . In reference-free deconvolution, recent work (17, 48) has shown that Surrogate Variable Analysis (SVA) (45) has the most robust sensitivity and specificity in the presence of high confounding. For a more detailed review of the mathematical (49) and theoretical principles behind various deconvolution approaches, see the recent work by Teschendorff et al. (50) .
Applications of Deconvolution Algorithms
The impetus behind developing and refining deconvolution algorithms comes from the confounding due to cell-type specific DNAm profiles. These signals may impede the discovery of DNAm changes associated with outcomes of interest. The applicability of cell-type deconvolution algorithms is highlighted in selected recent work below, which illustrates the broad utility of these algorithms for identifying both the role of DNAm and immune cell-type shifts in human health and disease.
Breast cancer
Both reference-based and reference-free deconvolution approaches have been applied to study DNAm in breast cancer, including work on disease risk and tumor biology. For example, Yang et al. (51) recently demonstrated evidence that hypomethylation of S100P CpGs 3' of the TSS in circulating whole blood is significantly associated with breast cancer risk. The study included data from the HumanMethylation27k platform in >1,000 cases and controls from three independent retrospective cohort studies at different centers. By applying Houseman's reference-based deconvolution algorithm, (4) the authors demonstrated that decreased S100P methylation in circulating blood came from the estimated leukocyte subpopulations, excepting B cells. Methylation on the S100P-associated CpG sites was inversely correlated with expression of S100P in leukocytes and in tumor tissue.
Reference-free approaches to cell type adjustment to study normal breast tissue and breast tumor DNAm have also emerged. Applying the Houseman RefFreeEWAS2.0 (38) algorithm to DNAm data from 100 normal breast tissue samples donated by cancer-free women across a wide age range, Johnson et al. (52) tested the relationship between DNAm and known breast cancer risk factors including age, body mass index, and reproductive and family history variables. Johnson et al. identified and replicated DNAm changes significantly related to subject age, observed that the CpGs with age-related DNAm in normal tissue were significantly more likely to occur at breastspecific enhancer elements, and that these age-related DNAm changes are implicated in cancer. Another recent study that applied the Houseman RefFreeEWAS2.0 (38) algorithm to study breast cancer focused on early stage invasive breast tumors and identified shared alterations of DNAm relative to normal tissue across intrinsic molecular subtypes (53). Titus et al. identified and replicated associations in nineteen differentially methylated gene regions between tumor and normal tissue across all PAM50 (54)-intrinsic molecular subtypes (Basal-like, Luminal A, Luminal B, and Her2). Identification of shared epigenetic alterations in early stage disease across distinct molecular subtypes suggests some common biology underlying breast carcinogenesis irrespective of disease subtype. These examples of varied applications for deconvolution algorithms investigating DNAm in breast cancer demonstrate the utility of adjusting for potential confounding due to cell-type specific DNAm patterns.
Additional applications
There are broad applications for deconvolution of cell type with DNAm. Many recent studies utilizing such techniques extend to analyses in cancer types other than breast, such as glioma (5, 55) , colorectal (56) , and lung (57, 58) cancers. In colorectal cancer, Heiss et al. (56) extracted DNAm data from leukocytes and identified two CpG sites in the promoter region of KIAA1549L with significant differential methylation compared to controls. Then, using KIAA1549L promoter methylation in logistic regression models, they created prediction models for colon cancer with c-statistics accuracies of 0.69 in the screening setting and 0.73 in the clinical setting. In two recent lung cancer studies, Baglietto et al. (58) identified and replicated significant associations between pre-diagnostic peripheral blood DNAm and lung cancer risk in a nested case-control study. Similarly, Zhang et al. (57) showed that peripheral blood DNAm at smoking-related and lung cancer-related genes is associated with lung cancer mortality. Zhang et al. also showed smoking-related DNAm is strongly predictive of lung cancer mortality, with an optimismcorrected c-index of 0.87. Many other studies investigating the association between smoking and altered methylation profiles have been similarly conducted (59) (60) (61) (62) (63) (64) (65) .
Many studies have investigated the effects of environmental exposures (66-70) such as air pollution and smoking on the methylome. In 2016, Panni et al. (67) observed that fine particulate matter air pollution is associated with adverse health effects, in part through alterations in DNAm measured in peripheral blood. In a 2017 meta-analysis, Gruzieva et al. (66) also demonstrated that maternal exposure to NO 2 air pollution during pregnancy is associated with differential DNAm in offspring.
Indeed, the association of child health and development (71) and overall mental health (72) (73) (74) (75) have also been the focus of many recent investigations of blood DNAm. In a 1,709 subject study, Walton et al. (72) demonstrated that differential methylation, measured in peripheral whole blood at birth, is strongly associated with attention-deficit/hyperactivity disorder (ADHD) trajectories in children. In the children, the same DNAm alterations identified at birth were no longer associated with ADHD by age seven, suggesting that alterations in DNAm play a role in neurodevelopment and maturation.
Studies involving body lipids (76) (77) (78) , BMI and metabolism (79) (80) (81) (82) (83) (84) (85) (86) , and diabetes (87-89) have also employed cell-type deconvolution methods. Such methods have also been used to study inflammation (90) (91) (92) and physical limitations such as frailty (93) Cardiovascular diseases (94) (95) (96) (97) (98) (99) , as leading causes of mortality in the US, have been the focus of numerous recent analyses of blood DNAm. Smith et al. (95) , using a meta-analysis of genome wide association studies and follow-up genotyping, identified a genetic variant on chromosome 5q22 that is associated with a 36% increased risk of death in patients with heart failure. The polymorphism was associated with DNAm alterations in peripheral whole blood that also associated with allergenic sensitization and expression of the cytokine TSLP in blood, identifying new factors associated with mortality in patients with heart failure.
Methylation studies utilizing cell-type deconvolution have also been shown to strongly predict all-cause mortality (100). In a study released in early 2017, Zhang et al. (100) conducted an EWAS in a population-based cohort and, using the Houseman reference-based deconvolution method (4), identified 11,063 CpG sites that were significantly related with all-cause mortality at a genome wide level (FDR < 0.05). In addition, these authors then used LASSO regression to select the 10 most informative CpGs in the set to develop a risk score for all-cause mortality where the following ORs for all-cause mortality comparing a score of 0 were noted; a score of 1 (OR 2.16, CI 1.10-4.24), score ranging from 2-5 (OR 3.42, CI 1.81-6.46), and scores >5 (OR 7.36, CI 3.69-14.68). The risk score was found to be independent of cell-type DMRs (4) as well as the Horvath methylation age CpG loci (32) . Ultimately, the goal of many of these studies is the development of novel biomarkers (101) of disease risk and prognosis that contribute to our understanding of biology and may aid in risk stratification. There are many applications beyond those listed here that benefit from methylation and cell-type deconvolution based analyses.
Immunomethylomics -DNA methylation analysis of the immune response
Traditional EWAS includes tests of association for methylation at 400,000 -800,000 CpG loci with phenotype or disease status. The burden of correcting for multiple hypothesis testing in such settings leads to conservative cutoffs that may result in false negative associations, particularly when smaller sample sizes are used. An opportunity in this setting, particularly if immune regulation or response is related to or may mediate associations with the outcome of interest, is to first test the relation of inferred proportions of immune cell types with the outcome of interest. Inference of CD4þ T-cell, CD8þ T-cell, B-cell, NK, Granulocyte, and Monocyte proportions from DNAm using deconvolution has allowed researchers to directly use immune cell proportions or ratios in their analyses (Fig. 2) . For example, the neutrophil-to-lymphocyte ratio (NLR) is a consistent prognostic factor for survival in cancer (102) and can be derived using cell type proportion estimates from DNAm-based deconvolution of peripheral blood (103) . Koestler et al. (103) have shown that methylation-derived NLR (mdNLR) from referencedbased deconvolution is also a robust indicator of patient prognosis. In the paper published in early 2017, the authors demonstrated the utility of mdNLR as an indicator of prognosis in five studies: head and neck squamous cell carcinoma, bladder cancer, ovarian cancer, breast cancer, and a healthy aging study. In each instance, Koestler et al. showed that elevated mdNLR was indicative of disease or clinical characteristics of healthy patients. In another study of 72 patients with glioma, Wiencke et al. (5) showed that subjects with gliomas have elevated neutrophil-to-lymphocyte ratio scores and significantly decreased survival times (HR 2.02, 95% CI 1.11-3.69). The authors also demonstrated that mdNLR is an effective candidate methylation biomarker with applications in EWAS and clinical studies of glioma. In addition to the utility of DMRs for deconvolution of cell types, there are also opportunities to identify DMRs for activation states within cell types such as NK cell activation. For example, Wiencke et al. isolated naïve NK cells from six donors, performed in vitro activation treating with antibodies to the NKp46 and CD2 receptors, and profiled DNAm to identify DMRs for activated versus naïve NK cells (104) . These initial studies demonstrate the utility of DNA-based methods to deconvolute cell type to investigate immunomodulation in human health and disease without the need for fresh or speciallypreserved samples.
Future Directions
Since their introduction, reference-based algorithms such as the Houseman method have been optimized for more accurate celltype estimation by either improving DMR selection and/or by improving the subset of data used from the reference libraries.
Optimization (105) of such DMRs has been shown to explain additional variation in EWAS (106) and can be used in single step and multi-step (107) deconvolution algorithms. Accurate estimation of leukocyte subtypes from DNAm has opened the door for the development of novel methods to further investigate the relation of immune profiles with disease and outcomes. In conjunction with development of additional deconvolution methods and more complete DMR libraries for immune cell types, directions for future work include refinement to identify DMRs for further cell subtypes or cell activation states. Cell estimates provide an opportunity to independently test associations of immune cell proportions or ratios with the disease (with a limited number of statistical tests), before taking more traditional epigenome wide approaches. Similarly, classifications blocks for phenotypes derived from DNA methylation data such as DNA methylation age or the epigenetic mitotic clock offer an opportunity to test specific hypotheses before extensive feature-by-feature tests in an EWAS.
The potential application of deconvolution methods goes beyond DNAm in peripheral blood samples. As reference libraries of purified epithelial, mesenchymal, and progenitor cell subtypes emerge, it is expected that DMRs for reference-based deconvolution will be extended to solid tissue samples for use in pathologically normal and diseased subjects. In this way, deconvolution methods will improve our understanding of immune cell infiltration in pathogenesis of several diseases. In addition, reference-free and reference-based deconvolution approaches in solid tissues can assist researchers in modeling the relation of exogenous exposures with networks of cell-cell interactions in the tissue microenvironment in disease pathogenesis. Collectively, advances in the identification of DMR libraries for cell type and biologic phenotypes have broad potential to accelerate our understanding of immunomodulation, cell systems, and DNAm in human health and disease.
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